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Abstract. Countries are recording heath information on the global spread of COVID-
19 using different methods, sometimes changing the rules after a few days. They are
all publishing the number of new individuals infected, cured and dead, along with
some supplementary data. These figures are often recorded in a non-uniform manner
and do not match the standard definitions of these variables. However, in this paper
we show that the Kaplan-Meier curves calculated with them could provide useful
information about the dynamics of the disease in different countries. Our aim is to
present a robust and simple model to show certain characteristics of the evolution of
the dynamic process, showing that the differences of evolution among the countries
is reflected in the corresponding Kaplan-Meier-type curves. We compare the curves
obtained for the most affected countries so far, proposing possible interpretations of
the properties that distinguish them.
1. Introduction
Since its first detection in China, COVID 19—disease caused by SARS-CoV-2 virus—
has spread to different parts of the world until reach the category of pandemic in a short
period of time. This has created a social and scientific challenge, where understanding
how the virus behaves is crucial in order to stop its spread. One of the most widely used
tools in this regard is the classic Kaplan-Meier (KM) survival model [10] which allows
to calculate the step-by-step survival probability of a fixed group of patients suffering
from a disease (see for example [9, S.15] for a contextualised explanation of the topic).
However, this model fails to correctly describe the behaviour of those infected by SARS-
CoV-2. As will be shown in the paper, each country has its own survival curve with
strong differences, which cannot be justified as a unique consequence of local population
characteristics. A survival curve should only depend on the virus, assuming the usual
degree of homogeneity in the infected population.
This is mainly because the data provided by governments do not generally follow a
systematic pattern, and standards do not coincide in different countries. However, there
are also other reasons that may influence this lack of data and model fit. It seems that the
probabilistic arguments for obtaining the formulas to build the model do not consider
certain features that some viruses like SARS-CoV-2 have. In particular, the classical
model does not consider the possibility of having latent patients who test negative for
the infection but can relapse and spread the virus again. This is probably due to the
sensitivity of RT-PCR; the technique used to detect SARS-CoV-2 presence, has limited
sensitivity and can generate false negatives as it has been reported [1]. For this reason
“cured” population must be preserved from mixing with the rest of the population for a
certain period of time [6].
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In addition, the actual models are not sensitive enough to capture the different dy-
namics that different strains of the virus have. This happens because viruses having RNA
as their genetic material are less stable than those having DNA and tends to accumulate
a greater number of mutations. This means that the virus changes more quickly, end-
ing up in different variants of the same virus that have different mortality and infection
rates. Furthermore this feature raises the fear about future cases of re-infection, where
the virus differs enough from previous versions to evade the immune system again, as
such other virus with the same genetic material do, e.g. Influenzavirus A, that causes
the common flu and is able to infect us repeatedly [14]. This scenario may occur as other
coronaviruses are able to infect humans periodically such as HCoV-NL63 or HCoV-229,
that are responsible of one out of five colds [5]. The mutation rate for SARS-CoV-2 is
not known yet, but given its potential, the possibility should be considered.
Thus, although all these arguments could influence the unusual results of the survival
curves, we show that these new facts, which must be considered for a good design of a
survival model, do not justify the general deviation of the results. It is shown that the
formulas obtained taking into account these facts do not substantially change the struc-
ture of the model. Therefore, the problem comes from the data. But this fact does not
invalidate the usefulness of the Kaplan-Meier curves. In this paper, we show that some
significant patterns can be detected by comparing the curves constructed for different
countries. Survival curves could also provide some useful information for decision-making
regarding the application of strategies against COVID-19 spread, such as the duration
of confinement periods or the intensity of policies to detect new cases.
In summary, in this work we use the available data of the dynamics of the disease
COVID 19 to understand the survival of the virus that causes it, SARS-CoV-2. We
achieve this by introducing new variables that allow us to obtain new equations to cal-
culate the corresponding survival curves. This probability is a parameter sensitive to
changes in the epidemiological data in different populations, which makes the model
adaptable to reinfection scenarios and other more subtle differences such as the viru-
lence of different strains [17]. Together with some usual models for the prediction of the
amount of new infected population, this allows the development of a complete model for
the evolution of the new infected individuals, the persons to be kept in quarantine and
the individuals who have already overcome the disease. To solve the equations we use a
genetic algorithm approach, thus providing estimates of the probability and thus clear
images of the expected infection scenario. This allows to monitor the effectiveness of the
containment policies, thus helping in the decision-making process. The simplicity, both
of the model itself and of its calculation and interpretation, is one of the main advantages
of our approach, making it suitable as forecast tool.
2. Preliminaries
The Kaplan-Meier (KM) survival curve [10] is based on the estimation of the instan-
taneous probability of survival at a given time in the process of reduction of a given
population. The interested reader can find a complete explanation of this and related
topics in [12, Ch.2] and [2, 11]. We assume that the time variable has discrete values. For
the sake of simplicity of formulas and without loss of generality we will consider t ∈ N
starting at the moment t = 1. We write P (t) for the instantaneous probability,
P (t) =
n(t)− d(t)
n(t)
, t ∈ N,
where n(t) is the population surviving at the time t and d(t) is the number of individuals
leaving the group (deceased) after the time t. We clearly have
(2.1) n(t)− d(t) = n(t+ 1), t ∈ N.
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The estimate of the probability of survival of a given individual at the time s is given by
P(s) =
s∏
t=1
P (t) =
n(s+ 1)
n0
, s ∈ N,
where n0 = n(1) is the initial population considered. Therefore, the total amount of
individuals surviving after a time s is given by the product of the probability of survival
and the number of individuals considered at the starting point of the process, that is,
(2.2) D(s) = n0
s∏
t=1
P (t) = n0
n(s+ 1)
n0
, s ∈ N.
We will change these equations based on a different definition of the notion of de-
ceased. Instead, we will consider the survival curve of the virus, that is, the probability
that an infected individual will remain infected. However, the distribution obtained will
still retain its shape, with a different interpretation of the elements involved. This new
point of view allow us to take into account in a easy way the main circumstance affecting
the analysis of data: the initial population is not a fixed set. Indeed, for each time t
there is a new group of people to be considered in the total count of infected individuals.
We will write I in the model for the new infected individuals, obtained from the data
published by the countries.
A big effort is being made to improve the mathematical representation of the number
of newly infected individuals in order to provide an accurate prediction tool. The most
popular model being used is the SIR model and modifications of this model, that in
particular provides a forecast of the number of new infected people in subsequent steps
of the dynamical process (see for example [7, 9] and the references therein). However,
the probability of survival of the virus could be even more relevant for the management
of strategical information for decision-making concerning important data that affects the
population in different countries. For example, to decide how long a period of confine-
ment should last and to what type of population it should apply.
In this paper we are interested in improving the estimate of the probability function
for the case of COVID-19. As we said, it has been observed by epidemiology experts,
data scientists and in general the whole public that the counting of new cases, deaths
and cured persons, depends on the country —the tools are not at all homogeneous—
and do not reflect the actual situation mainly with regard to new cases of infected per-
sons. Our purpose is to find and use the probability function for each country, with the
information made public by governments because this reflects the parameters that these
same governments are able of measuring and on which they can base their strategies. We
propose an easy method to compute this probability, which would allow the associated
Kaplan-Meier-type curve to be predicted: that is, a prediction of how, given an average
infected individual, his or her condition with respect to the infection changes over time.
3. Adapting the KM probability curve to COVID-19
We are interested in analyze the survival results for the virus: that is, we consider
the Kaplan-Meier curve as a representation of when an infected individual is no longer
infected. Thus, contrary to the usual interpretation of the KM distribution, we consider
a fixed group of infected individual, and we count a decease when a patient is either
considered cured or die.
Taking into account the situation with the COVID-19 —some of its properties are
still unknown—, we introduce some new assumptions in the classical estimate of the
probabilities to adapt the KM model to the case of the infection by SARS-CoV-2.
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(1) There are individuals who test negative for infection but are still able to spread
the disease to others. So they should be considered active from the point of view
of the virus—as an infected individual—, for at least a fixed period of time N .
We will count them as individuals who still have the disease.
(2) There are patients that reappear as infected after being counted as cured indi-
viduals. These cases, from the perspective of the virus, will be called resuscitated
cases, r(t).
In what follows we show that, although these new assumptions are relevant for the
management of infected persons, do not change the equations in a significant way. We
start by considering Equation (2.1), and we introduce a new function r(t) for the resus-
citated cases at t. We use the new formula
(3.1) n(t)− d(t) = n(t+ 1)− r(t+ 1), t ∈ N,
instead of Equation (2.1). Thus, the instantaneous probability is
P (t) =
n(t)− d(t)
n(t)
, t ∈ N,
where n(t) is the amount of people still having the virus plus the resuscitated cases at the
time t, and d(t) is the number of deceased individuals after the time t. The resuscitation
rate is then T (t) := r(t)/n(t). So, the probability of survival of a given individual at the
time s is
(3.2) P(s) =
s∏
t=N
P (t) · β(t+ 1) = n(s+ 1)
n(1)
, s ∈ N,
where n(1) = n(N) is the size of the initial infected population considered and
β(t) :=
n(t)
n(t)− r(t) =
1
1− T (t) .
Let us write now I : N → N for the function that gives the number of new infected
individuals I(t) at time t. We define the total amount D(s) of individuals surviving after
a time s as a KM type survival function given by the formula
D(s) =
s∑
t=1
I(t) · P(s+ 1− t), s ∈ N,
where P(u) is, as we said, the probability that an individual will continue to be infected
at the time u.
To conclude this section, let us explain certain anomalies that have been detected
in the data published by countries on the COVID 19 pandemic. We can essentially fix
them into two categories: underestimation of infected cases, and the existence of non-
hospitalized virus carriers. Both affect the way in which the formulas presented above
are to be understood.
One of the problems in estimating the number of infected people is the fact that a
large proportion of them are asymptomatic or cannot be confirmed due to lack of clinical
evidence. Therefore, we have to assume that the number I(t) of new infected people
that is published daily by the countries do not coincide with the number of new cases.
Moreover, some of them are not hospitalized, so they are not counted after some days
as hospital discharges. Therefore, we cannot assume that the equation I = M + F —
where M is the number of individuals who died and F the ones that left the hospital after
cured—, holds when the whole epidemic process finishes. However, we could assume that
I ≥M +F, since there are a certain amount of people who fall outside the numbers after
testing positive —they are sent home to overcome the disease— or are simply counted
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as infected individuals because of their symptoms.
To obtain a better model for the incorporation of new cases, it would be convenient
to use the most reliable source of information, which is the rate of deaths. This would
provide a method for estimating the function I of new infected individuals. However, the
rate R between dead and infected individuals is not a constant in all affected countries, as
it depends strongly on e.g. the average age of the population and how a death is labeled
in terms of the infection—death due to the infection or death with the infection—, and
in consequence incorporated or not to the data. Despite that, it would be more con-
venient to estimate this rate —and therefore the functional dependence of the infected
individuals over time— than to try to obtain this function using a primary source.
However, improving the estimate of the number of infected individuals does not provide
an improvement in the total count as long as the number of non-hospitalized virus carriers
remains unknown. Taking into account all these restrictions, as explained above, our
methodological proposal consists of working directly with the data published by the
countries.
4. Observable data and exact solution of the equations of the model
In this section we explicitly write the system of equations that have to be solved for
the computation of the parameters of the model. So, let us fix a latent period N. The
observable data correspond to the total amount of people that is considered already free
of the virus F (t) —after the delay caused by the latent period N , F (t) is the cumulative
amount since the beginning of the epidemic process—, deceased people M(t) —again,
total amount—, and the function t 7→ I(t), representing the (daily) number of new in-
fected people at each time t.
Our first assumption is that the resuscitation rate T (t) is constant; this implies that
β(t) is a constant function. Recall that we write D(s) for the total amount of infected
cases at a time s. Also, note that by definition we have that P(k) = 1 for k = 1, ..., N−1,
(the probability of being infected during the latency period is one) and so the equations
of the model can be rewritten for s > N as
D(s) = I(1)
(
P (N) · · ·P (s))βs−N
+ I(2)
(
P (N) · · ·P (s− 1))βs−1−N
+ . . .
+ I(s−N) (P (N)P (N + 1))β
+ I(s−N + 1)P (N)
+ I(s−N + 2) + I(s−N + 3) . . .+ I(s),
Data being collected by countries include the functions F (t) and M(t) of the total
amount of hospital discharges and deaths from the beginning of the epidemic to time t,
respectively. The sum of these functions gives the number of patients who are already
outside the national health systems, and approximating this is the objective of our model.
The following formula gives the desired estimate. Let us write E(t) := F (t)+M(t). Then
E(s) = I(1)
(
1− P (N) · · ·P (s)βs−N
)
(4.1)
+ I(2)
(
1− P (N) · · ·P (s− 1)βs−1−N
)
+ . . .
+ I(s−N)
(
1− P (N)P (N + 1)β
)
+ I(s−N + 1)
(
1− P (N)
)
.
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Consider the sequence defined by the numbers
AN (s) := 1− P (N) · · · P (s)βs−N ,
for s ≥ N. Equation (4.1) can be rewritten as
E(s) = I(1)AN (s) + I(2)AN (s− 1) + . . .+ I(s−N)AN (N + 1) + I(s−N + 1)AN (N).
The expresion
AN (s) =
E(s)− I(2)AN (s− 1)− . . .− I(s−N)AN (N + 1)− I(s−N + 1)AN (N)
I(1)
,
evaluated for s = 1, 2, ... can be understood as a recursion formula, and so the associated
equations give a system that can be solved sequentially. Essentially, as can easily be seen,
the solution to the problem is given by the deconvolution of the time series I(t) and E(t),
for which the transfer function is exactly the survival function of the virus (see [3, Ch.11,
1], see also [8] for an introductory explanation of this technique in epidemiology). Indeed,
note that AN (s) gives exactly the probability of a given individual that was infected at
t = 0 to be healed or dead at t = s. Thus, its complementary function is the probability
of the virus to survive in a given infected patient,
P(s) = 1−AN (s), s ∈ N.
5. Approximating the solution by means of the COVID-19 data
Let us show how to compute the approximation to a solution of the system of equations
presented in the previous section that best fits the COVID-19 data. Fix s ≥ N. We use
an optimization procedure based on the computation of the minimal error
ε(s) =
(
I(1)AN (N)−E(N)
)2
+
(
I(1)AN (N + 1) + I(2)AN (N)−E(N + 1)
)2
+ . . .
+
(
I(1)AN (s) + I(2)AN (s− 1) + . . .+ I(s−N + 1)AN (N)−E(s)
)2
.
Taking into account the definition of AN in terms of probabilities, we have that 0 <
AN (N) ≤ AN (N + 1) ≤ . . . ≤ AN (s) ≤ 1, and so we can use the following change of
variables. Take
α2N = AN (N)
α2N + α
2
N+1 = AN (N + 1)
...
α2N + α
2
N+1 + · · ·+ α2s = AN (s).
Therefore, we can rewrite ε(s) as
ε(s) =
(
I(1)α2N −E(N)
)2
+
(
I(1) (α2N + α
2
N+1) + I(2)α
2
N −E(N + 1)
)2
+ . . .
+
(
I(1) (α2N + ...+ α
2
s) + I(2) (α
2
N + ...+ α
2
s−1) + . . .+ I(s−N + 1)α2N −E(s)
)2
=
(
I(1)α2N −E(N)
)2
+
(
(I(1) + I(2))α2N + I(1)α
2
N+1 −E(N + 1)
)2
+ . . .
+
((
I(1) + . . .+ I(s−N + 1))α2N + . . .+ I(1)α2s −E(s))2.
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Let us define J to be the cumulative number of infected individuals (note that this
cumulative number is precisely the data provided by countries), that is,
J(1) = I(1)
J(2) = I(1) + I(2)
J(3) = I(1) + I(2) + I(3)
...
J(s−N + 1) = I(1) + . . .+ I(s−N + 1).
Consider the matrix
J =

J(1) 0 · · · · · · · · · 0
J(2) J(1) 0 · · · · · · 0
J(3) J(2) J(1) 0 · · · 0
: : :
. . . : 0
J(s−N) · · · · · · · · · J(1) 0
J(s−N + 1) · · · · · · · · · J(2) J(1)

,
and use it to rewrite ε(s) as the scalar product
ε(s) =
〈
J
α2N:
α2s
−
E(N):
E(s)
 , J
α2N:
α2s
−
E(N):
E(s)
〉 ,
which gives the 2th power of the Euclidean norm of the difference among the real value
and the approximation provided by the model. Then we are interested in solving the
optimization problem
Min ε(s), restricted to
{
(αN , ..., αs) :
s∑
k=N
α2k ≤ 1, αk ≥ 0
}
.
To simplify the optimization process, we introduce a new parameter µs as a bound
in the constraint given by the inequality
∑s
k=N α
2
k ≤ 1; that is, consider a fixed 0 ≤
µs ≤ 1 and change the constraint by
∑s
k=N α
2
k = µs. Once this parameter is fixed, the
optimization problem to be solved is
Min ε(s), restricted to
{
(αN , ..., αs) :
s∑
k=N
α2k = µs, αk ≥ 0
}
,
where 0 ≤ µs ≤ 1 has also a probabilistic meaning: it is the parameter of evolution of
the rate of non-infected individuals. We introduce it as a variable to be optimized in the
minimization process.
6. Computational results
In this section we present the results of the paper concerning the computation of the
Kaplan-Meier curves of the COVID-19 in several countries. In order to calculate them
we use genetic algorithms. The current protocols are working with a value of N = 2,
which means that a person can be considered cured when two tests turn out negative
with a difference of 24 hours between them. However this value of N does not ensure
that latent patients will not relapse, i.e. a rate of resurrection close to 0 [6]. As this is
unknown for the moment, and it does not seem easy to estimate a priori, we will choose
the option N = 1. The result we are looking for is estimative and it does not seem to
have a strong influence on the mathematical model.
The exact and explicit solution of the system of equations, when the number of days
increase (i.e, the data considered) is hard to handle. It can be obtained in many cases
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by applying well-known results on quadratic optimization with so-called Karush-Kuhn-
Tucker conditions (KKT conditions, see for example the exhaustive explanation that
can be found in [13, Ch.16, §16.2]), but in our case the equations are too complicated
for getting the desired numerical results, so we chose to use a numerical method (see a
complete explanation on the solution of the mathematical problem in [4]).
Among the different numerical techniques for solving the previous problem, we have
chosen a Genetic Algorithm (GA). This method belongs to the category of evolutionary
algorithms (EAs), which mimic biological evolution. This is made possible thanks to the
nature of GAs based on populations of individuals. We get profit on both the good results
obtained with GAs, together with their capability to handle a wide variety of problems
with different degrees of complexity, what explains their wide use [18]. Moreover, our
problem is in nature discrete and methods based on the gradient consider implicitly that
the probability is a continuous function that is evaluated at certain instants ti, α(ti).
This is not the case for GA that obtain directly the discrete sequence of the values α(ti).
Our GA have been designed for getting an approximate solution to the problem by
defining a new error that balances the error ε(s) and the estimate of the cumulative
sum |∑sk=1 α2k − µs|, where µs can be handled to improve the result using additional
information, starting for example with µs = 1. That is, we use as a fitness function:
ν(s) = γ1 ε(s) + γ2
∣∣∣ s∑
k=1
α2k − µs
∣∣∣,
where γ1 and γ2 are weights to balance the terms in the error, being chosen on the basis
of the observed convergence properties.
Regarding data, we have collected them from the Github of the “COVID-19 Data
Repository by the Center for Systems Science and Engineering (CSSE) at Johns Hop-
kins University” accessible through https://github.com/CSSEGISandData/COVID-19.
More concretely, we have made use of the confirmed, death and recovered global data
from the time series available through the link https://github.com/CSSEGISandData/
COVID-19/tree/master/csse_covid_19_data/csse_covid_19_time_series.
Figure 1. Variation of the fitness function for Spain in terms of
maxiter for the three different values of popSize: pink (100), red (250)
and black (500).
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For doing that we have used the GA Package in R [15, 16] defining a real-valued
GA. In all the cases analyzed the convergence of the algorithm is very good. We have
taken into account two arguments in the algorithm for the minimization of the error, the
population size (popSize) and the number of iterations (maxiter). We have considered
values of the popSize of 100, 250 and 500 in combination with maxiter that takes values
equal to 5000, 25000 and 50000. In Figure 1 we have plotted for data from Spain the
variation of the fitness function in terms of maxiter. The orange, red and black lines
correspond for popSize= 100, 250 and 500 sizes respectively. The plot for data from
the rest of countries present the same behavior, selecting the values maxiter= 50000
and popSize= 250 for all the runs with an error of approximately of the 10%. Time
execution of one instance (to fit the model for data from one country) in a Macbook2015
(Dual-Core Intel Core i5 2,7 GHz) with 8GB of memory laptop takes less that 30 minutes.
The results obtained by using this approximate method are good enough for our analy-
sis. However, it has to be taken into account that the exact solution would give a slightly
different picture of the survival distributions obtained. The values of the last coefficients
α2s decreases rapidly to 0, but they are often different from 0, while the exact solution
often gives that these parameters are 0 after a critical value, as a consequence of one of
the main properties of the quadratic optimization on a polytope (see [13, Ch.16]). In [4]
the reader can find a complete explanation of this fact.
The result of the computation gives a sequence of α2i that provides a good approxi-
mation to the solution of the optimization problem. The approximation Ê to the (vector
of the) new infected people can be then computed by using the formula
Ê = J
α
2
1
...
α2s
 , that approximates the exact vector E =
E(1)...
E(s)
 .
Figure 2 shows the values of the components of the vector E (black line) together with
its approximation Ê (red line). As can be seen, both curves are almost coincident in the
whole period of time considered. The reddish shaded area represents a range of 10% over
the maximum of confirmed cases.
Figure 2. Evolution curve of the (accumulated) confirmed cases for
Spain: black line corresponds to the real case, E, obtained from the
data and red line is the result given by the GA, Ê.
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The survival curve of the virus S(t) is obtained by computing the difference of 1 minus
the partial sums of the coefficients α2i ’s,
S(t) :=
{
1−∑ti=1 α2i , 1 ≤ t ≤ s
1, t = 0.
Figure 3. Survival curve, S, of the virus corresponding to Spain. Red
point is the day when a standard individual has a probability of getting
out of the group of infected people smaller than 0.2.
Figure 3 shows the representation of the survival curve thus obtained for the case
of Spain, using the data from the first 95 days, i.e. s = 95. It gives the probability
of an individual continuing to be infected—in terms of being under the control of the
national health system according to the data collection in each country—after the day
when he/she was labelled as infected (which corresponds to t = 0 in the representation).
For example, 62 days after being classified as infected a standard patient has a prob-
ability of remaining infected of 0.2. Or, in other words, 20% of the patients listed as
infected the first day (t = 0) will continue labeled as infected after 62 days (that could
stay at hospital or at home in quarantine). It can be seen that there is a significant
decrease in the curve in the first ten days. Indeed, since S(1) = 0.96 then after one
day 96% of infected people will remain infected whereas 10 days after this will be the
case only for the 53% of the infected people. However we need 52 days more to reduce
the percentage to 20%. The size of the balls that make up the curve is proportional to
their value at the point. The structure of these curves is the main element of our analysis.
These curves can be defined using different sets of days, as it is shown in Figure 4. In
principle, increasing the number of days considered for the analysis could improve the
result. However, what we see is that—due to the nature of our optimization procedure
that makes the sum of the α2i coefficients tend to one— the curve tends to zero in all cases
on the last day used for calculations. The fact that the overall balance of the equations
is not exact could also lead to this result. That is, at the end of the epidemic process we
cannot ensure that infected individuals are equal to deaths plus hospital discharges. This
would give a remaining set of patients who never leave the system, but the optimization
program tries to force their disappearance.
Therefore, three different curves are obtained. The significant fact of this result is that
the first part of the curves almost coincides, which implies that the information for this
time period is independent of the above-mentioned “mathematical artifacts” and can be
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considered as adequate information about the system. In other words, for the example
of Spain shown in Figure 4, the probability of a standard patient to remain infected in
the day 30 is 0.3 regardless of the set of days studied.
Figure 4. Survival curve of the virus corresponding to Spain for dif-
ferent number of days. Red circles corresponds to data of our complete
time series of days (90 days), pink circles to 70 days and maroon circles
to 50 days.
7. Results and discussion
In this section we present the results and their interpretation in terms of comparison
between several countries to which the model has been applied. Here, the most remark-
able feature is that, as can be seen in Figures 5, 6 and 7, the model is sensitive to the
progression of the epidemic in different countries, showing different patterns of survival
curves.
Thus, in countries where the spread of SARS-CoV-2 has not been effectively controlled
at an early stage—such as the United States or the United Kingdom—, the number of
admissions is greater than the number of hospital discharges over a long period of time,
so it takes longer to reach equilibrium. This translates graphically in an individual’s
probability of getting out of the group of infected people that decreases slowly. Conse-
quently, the slope of the curve is close to zero for a long period (Figure 5).
At the other end, there are countries where, after the first cases were detected, mobil-
ity was restricted and/or a large number of tests were carried out to identify and isolate
infected persons (South Korea or Germany). In these countries, this policy has been
maintained throughout the entire process of the epidemic. The number of ’admissions’
(registered infected individuals), although initially much higher, is rapidly decreasing,
approaching the number of discharges. The graph shows a rapid decrease in the proba-
bility of an individual remaining infected, followed by a flattening of the curve in which a
slower decrease is observed corresponding to the normal evolution of infected individuals
in hospitals (Figure 6). In some cases such as in Korea, since the number of infected
persons is not so great, the model shows the changes in the trend with greater sensitiv-
ity. This allows us to see how the initial trend is similar to that observed in countries
with late, deficient or ineffective control measures, with a strong decrease immediately
afterwards.
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Figure 5. Survival curves of the virus and curves of (accumulated)
confirmed cases corresponding to USA (top), United Kingdom (center)
and Sweden (bottom).
Figure 6. Survival curves of the virus and curves of (accumulated)
confirmed cases corresponding to China (top), South Korea (center) and
Germany (bottom).
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In countries such as Spain or Italy, where the measures taken have partially slowed
down the expansion, a less pronounced decline in the KM curve is observed, exhibiting
a mixed behaviour between the two extreme cases that have been considered (Figure 7).
Figure 7. Survival curves of the virus and curves of (accumulated)
confirmed cases corresponding to Spain (top), Italy (center) and France
(bottom).
Thus, the KM survival curve gives an idea of the speed of the national system to
detect and manage new infected individuals (Figure 8). A large number of tests allows
to control a relevant number of infected individuals (perhaps asymptomatic) reducing
the stress for the national health system because of both, avoiding new infecciones pro-
duced by them and taking measures that can reduce the severity of the infections and
probably the treatment period (with a lesser use of clinical resources).This results in
a considerable system efficiency rate, mainly if done at an early stage of the epidemic,
and (looking at the results) seems to be the most effective strategy. Early detection (at
any stage of the process, but mainly at the beginning) and massively testing, along with
containment measures to reduce the rate of infection once it has begun, appear to be the
main weapons against the virus.
Containment also appears to be an effective tool, but its effectiveness is based on other
aspects of the system: it clearly reduces the number of new infections, but this may not
affect the survival curve, as it affects the function I in the model, and not the function
P .
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Survival curves corresponding to the block of USA, United Kingdom and Sweden
Survival curves corresponding to the block of China, South Korea and Germany
Survival curves corresponding to the block of Spain, Italy and France
Figure 8. Pattern of the survival curves of the virus for different blocks.
Figure 9. Pattern of the survival curves of the virus for 50, 70 and 90
days for USA (left-top), Spain (right-top) and South Korea (center-
bottom).
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Thus, we can conjecture that the model acts as an indicator of the effectiveness of the
measures adopted, evaluating their real effects on the progression of the epidemic process.
On the other hand, it can help the decision-makers of each country to understand the
distribution of the time that the public health system has to take care of an infected
people, according to the same measurement variables that the health policy makers have
chosen. In Figure 9 we show the variation of the curves when computed with different
time series of days could provide an idea of the stability of the solutions, as explained in
the previous section (see Figure 4).
8. Conclusions
As we have already explained, the main problem for the application of the model pro-
posed for the calculation of the virus survival curve — and, consequently, for obtaining
an estimate of the time that government containment measures, or quarantines, should
be extended —, is that the way in which the variables are measured in the countries dif-
fers greatly. Moreover, sometimes the way in which this information is obtained changes
from one day to the next. This means that, although the survival curve should be the
same worldwide when calculated for the average individual, in practice it is reasonable
to expect it to change depending on the country. Therefore, as we have shown in the
paper, althoug we have to accept that each country has its own curve, they are grouped
depending on the strategy followed for every one of the countries and in consecuente it
could be useful tool for the design of the different actions.
We summarize our conclusions as follows.
• The survival curve could show how fast the national systems are to detect and
manage the new infected individuals. A big amount of tests allows to know a
better estimate of the infected individuals without cost for the national health
system: the asymptomatic ones do not need to go to any hospital. At the same
time, the new infections coming from this population can be avoided. Thus, and
as a consequence, the Kaplan-Meier curves allow the efficiency of a country’s
policy response to a pandemic to be measured. Regardless of how the variables
are defined in each country— this has to be taken into account by the country
itself when interpreting the results —the KM curve shows how quickly the public
health system is able to deal with infected individuals.
• The faster the decrease of the KM curve in the first steps, the less pressure the
system has to bear, since individuals need to spend less time controlled by this
system.
• We stress that this control is a matter of how each country measures infection,
and must be understood in the context of each country. Different regions within
a country could follow the same rules, and so could be compared.
• Extensive population testing of COVID-19 could improve measurement of effi-
ciency of the public health system as long as these cases are followed up by the
authorities and included in the list of cured persons when they are cured. For
example, if the protocol requires them to stay in a hospital to observe the evolu-
tion of the disease. Since this can add more people to the list of newly infected
people who require only a short stay in a hospital, it results in a rapid decrease
in the KM curve.
• The KM curve does not give a measure of how good the medical treatment to
the infected people is at hospitals in each country: if all the newly infected die
the day after their admission to the hospital, the KM curve goes to 0 in one day.
• Once the counting method is fixed in each country, the KM curve provides
decision-makers with a strategic tool for that country, as it gives a clear idea
of how much time the health system has to take care of an infected individual,
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whatever this means in the country’s statistics. This would be relevant for the in-
stallation of emergency hospitals, the duration of special confinement measures,
and other extraordinary measures.
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